In this paper we estimate the probability of informed trading (P i ) in an order-driven stock market as well as perform a comprehensive analysis on the interrelations among probability of informed trading and three common performance indicators, i.e., liquidity, volatility and efficiency. We find that uninformed traders exhibit price chasing behavior even over very short time interval and that volatility in stock price attracts uninformed traders. Using 3SLS which takes into consideration the endogeneity of the probability of informed trading and the liquidity, volatility and efficiency measures, our empirical results provide new evidence on market microstructure literature. We find that P i and the volatility and liquidity of stocks are simultaneously determined. Higher P i leads to lower liquidity and higher volatility, and vice versa. Firms with larger size, higher ownership concentration and lower turnover have higher probability of informed trading.
Introduction
The existence of information asymmetry among market participants makes informed trading a very important issue from many respects. Uninformed traders would want to learn from the informed about the true value of the asset, regulators are interested in the evidence of insider trading, and the academics are interested in the behavior of the market participants and the process by which private information is incorporated into prices. A most challenging question is how can we tell the probability of informed trading for each stock from publicly available data? Hasbrouck (1991a) points out that the magnitude of the price effect of information is a positive function of the proportion of potentially informed traders, the probability of a private information signal, and the precision of the private information. However, the probability of informed trading is not directly observable and must be estimated from observable trade data such as quotes, transaction prices and volumes.
Past researches in this area may be roughly categorized into three groups: (1) Works that are related to the estimation of the magnitude of the price impact of information or trade informativenss, such as Hasbrouck (1991a Hasbrouck ( ,1991b , and Madhavan and Smidt (1991) ; (2) Studies that use some proxy variables to measure information asymmetry, most notably is the bid ask spread. Bagehot (1971) is the first to suggest that bid ask spread can reflect the adverse selection problem facing the market maker. Numerous studies later use bid ask spread as a measure for information asymmetry (see, for example, Jaffe and Winkler, 1976; McInish and Wood, 1992; Foster and Viswanathan, 1990 , 1993a , 1993b and Chiang and Venkatesh, 1988, among others) [ Note 1] . Other measures of informed trading include the proportion of insiders ownership (e.g., Chiang and Venkatesh, 1988) , firm size (e.g., Hasbrouck, 1991b) , the number of trades (Jones et al, 1994) , trade volume and trade size (e.g., Keim and Madhavan, 1996; Easley, Kiefer and O'Hara, 1997b) [Note 2] ; and (3)Sequential trade models that describe the trading process and decode the probability of informed trading by econometrically examining its manifestation on observable trade data using specific statistical technique such as maximum likelihood estimation (e.g., Easley et al, 1996) or GMM (Handa, Schwartz and Tiwari, 2003) .
These studies, among others, all analyze the issue of information content from one point or another, but only a few of them deal with the direct estimation of the probability of informed trading. Easley, Kiefer, O'Hara and Paperman (1996) (EKOP hereafter) and O'Hara (1997a, 1997b) pioneer a series of studies on estimating the probability of informed trading. In their models, information event is assumed to occur once per day, and maximum likelihood estimation technique is used to estimate the relevant parameters, including the probability of informed trading, given actual numbers of buys and sells. One major difference in Easley, Kiefer and O'Hara (1997b) from their previous papers is that they incorporate trade size into the trade process and allow for history dependence in noise trader's decision, and they assume noise trader's decision at time t depends on the buy and sell decision at time t-1. They find that the probability of information-based trading is lower for high volume stocks, and large trade tends to have higher information content. However, the conclusion is obtained by a simple comparison between subsamples without controlling for other factors. Although the EKOP model has some limitations, numerous papers have applied EKOP model to estimate information-based trading (e.g., Brockman and Chung, 2000, Chung, Li and McInish, 2005) .
In this paper, we are interested in measuring the probability of informed trading. While almost all studies in information trading concentrate on quote-driven markets [Note 3], we modify Easley et al.'s (1997b) trade model and estimate the probability of informed trading in an order-driven market. As more and more major markets have adopted the order-driven trading mechanism, it would be interesting to see whether the same result applies in such market where individual investors submit competing bid and ask orders on the automatic limit order book. Our study is different from previous in three aspects, first of all, unlike EKOP model which assumes one event per day, we allow for intra day event. Secondly, we use option pricing model and other simpler technique to estimate the probability of informed trading, rather than more complicated MLE or GMM techniques. Hence our model does not need the independence assumption across days as in EKOP-type model [Note 4] . Finally, we assume noise trader's decision at time t depends on the price movement in period t-1, rather than the buy and sell decision at t-1 as assumed in Easley et al. Our assumption is consistent with the trend chasing behavior of noise traders observed in many studies, e.g., Andreassen and Kraus (1988), Frankel and Froot (1989) and DeLong et al. (1990) , among others, and the empirical result also confirms our assumption on noise trader's price chasing behavior.
In addition to estimate the probability of informed trading, we are also interested in exploring the relationships between informed trading and market performance. The significance of the probability of informed trading can be best manifested through its interaction with the efficiency, liquidity and volatility of the market. Although a plethora of researches has explored the theoretical implication between informed trading and liquidity or efficiency [Note 5] , surprisingly little empirical work can be found for a comprehensive analysis on the interrelations between the probability of informed trading and various stock performance measures. For example, there is little empirical study thus far on the relation between efficiency (or volatility) and the estimated probability of informed trading, although it is one of the key propositions in market microstructure theories that informed trading enhances efficiency. Easley et al. (1996) first explore the relation between liquidity and the probability of informed trading; however, only simple comparison of means was presented in their study. Brockman and Chung (2000) and Chung and Li (2003) adopt EKOP model and examine the relationship between the probability of informed trading and liquidity in Hong Kong and other markets. Cross-sectional OLS regression is applied in their study where liquidity is treated as the dependent variable. However, OLS is not an appropriate estimation method when liquidity and the probability of informed trading are endogenously determined. In fact, theories on informed trading suggest that the order strategy of informed traders depends on the liquidity, volatility as well as efficiency of the stock, and these performance measures in turn are a result of the endogenously determined trading of the informed and uninformed [Note 6] . The second purpose of this study is to do a comprehensive investigation on the interaction between the probability of informed trading and the liquidity, efficiency as well as volatility of stocks. Unlike previous studies, structural models of the above variables are built and estimated using three stage least squares. To the best of our knowledge, this is the first study that empirically explores the interactions among the probability of informed trading and all of the key performance measures (i.e., liquidity, volatility and efficiency), while adopting a system of equations approach which takes into consideration the endogeneity of the variables.
Our empirical estimation of the probability structure reveals two interesting findings about the behavior of the uninformed traders. Uninformed traders exhibit price chasing behavior even over very short interval, they tend to buy when the price in the previous trading period goes up and sell when the price in the previous trading period declines. We also find that volatility in prices attracts noise traders to trade. Uninformed traders are more likely to trade when price moves in the previous trading interval. The results of the three-stages least squares (3SLS) regressions indicate that the probability of informed trading and two popular performance measures, i.e., liquidity and volatility, are simultaneously determined. Higher probability of informed trading leads to lower liquidity and higher volatility, and vice versa. This finding does not support Admati and Pfleiderer (1988) 's proposition that informed traders will follow the trading pattern of the uninformed whose trades tend to cluster together (i.e., liquidity attracts informed trading), since we do not find that liquidity induces informed trading. Rather, our finding is consistent with Foster and Viswanathan (1990) argument that liquidity is lower when the probability of informed trading is high.
On the other hand, the probability of informed trading and the efficiency measure do not appear to be simultaneously determined. Specifically, higher efficiency leads to higher probability of informed trading, while there is no evidence that higher probability of informed trading leads to higher efficiency. One possible explanation of the somewhat surprising finding that informed trading does not enhance efficiency is that the samples in this study are firms listed in the Taiwan Gre Tai Exchange, where the firm's sizes are smaller and the trading volumes are also lower than those listed in the Taiwan Stock Exchange. Therefore, informed traders in these stocks are much less competitive. As suggested by , when there is monopolistic informed trader, the price discovery process will be slower given the profit maximizing behavior of the monopolistic informed trader [Note 7] . Our finding that high probability of informed trading does not lead to more efficient pricing for stocks listed in Taiwan Gre Tai Exchange illustrates the importance of competition to market efficiency, that is, informed trading alone does not lead to efficiency.
Finally, we find that firms with larger size, higher ownership concentration and lower turnover have higher probability of informed trading. It is interesting to compare our result with Hasbrouck (1991b) or Easley et al. (1996) who find that firms with larger size have lower probability of informed trading. We find that, after controlling for other factors, firms with larger size have higher probability of informed trading. It is also interesting to see that turnover is negatively related with informed trading in our study. Turnover ratios in Taiwan stock market are commonly regarded as an index for noise traders, high turnover is associated with more noise trading. The negative relation between turnover and the probability of informed trading supports the viewpoint that turnover ratio is a noise trading signal in Taiwan, rather than a proxy for informed trading as suggested by some of the studies in the U.S.
The Trade Model of Order-Driven Market
The stock exchange in Taiwan is a pure order-driven market where orders are accumulated and matched against each other via the automated central limit order book at frequent call intervals (less than one minute between calls), there is no official market maker providing bid and ask quotations. On-line market report on the latest transaction prices, market bid and ask quotes and volumes for each stock is available to all investors. The bid and ask quotations of the market are the best prices in the limit order book provided by various traders. From this respect, we may think that there are numerous competitive market makers and the expected profit is zero [Note 8].
We assume two types of traders in our trade model: informed traders and noise (uninformed) traders. Both types of traders trade in the market over t = 1, …, T intraday trading periods. The percentage of each type of traders is fixed. We denote P i the percentage of informed traders, and P u = 1-P i the percentage of uninformed traders in the market. For each trading period, an information event occurs independently with probabilityα . These events are good news with probability , or bad news with probability 1-δ. The value of information events is fully realized at the end of the trading period.
Informed traders trade stocks at each trading period t according to the information event occurring at that period, and the corresponding action is simply to buy (B) if the event is good news, to sell (S) if the event is bad news, and no action is taken (N) if there is no event. In other words, in non-event periods all transactions come from the uninformed. Therefore, P i can be regarded as a measure for the probability of information trading. Since we assume the information arrives over time independently, the decisions of the informed traders are independent over time. Unlike informed traders whose decisions are independent across time, we assume the behavior of the noise traders often exhibits positive feedback pattern [Note 9] . In order to reflect this evidence of dependency in trading behavior over time, we allow for history dependence in the decisions of the uninformed traders. However, unlike Easley et al. (1997b) who assume that the uninformed trader chooses a specific trade decision at time t given the buy or sell trade type at time t-1, we believe the uninformed trader is more influenced by the direction of the price movement in the previous period rather than by trade types. Uninformed traders are more likely to buy when the price rises in the previous trading interval, but they do not necessarily follow the previous buy action if the price goes down in the previous period, i.e., the uninformed tend to buy on uptrend and sell on downtrend in our model. These behaviors of the uninformed can be captured by assigning appropriate probabilities of trading and buying decisions for the uninformed. If the price change in the previous trading period is an up movement (U), a noise trader chooses to trade with probability β (U) and not to trade with probability 1-β (U); and if he decides to trade in this case, he will choose to buy with probability γ (U) and to sell with probability 1 -γ (U). Similarly, if no price change (M) is realized in the previous trading period, the probability that a noise trader will trade is and 1-β (M) if not; and if he does trade he will choose to buy with probability γ (M) and to sell with probability 1-γ (M). Finally, if the stock price in the previous trading period goes down (D), a noise trader chooses to trade with probability β (D) and not to trade with probability 1 -β (D), and given the decision to trade, he will choose to buy with probability γ (D) and to sell with probability 1 -γ (D). In addition, the decisions only depend on the price movement of previous trading period. That is, noise traders trade stocks according to a stationary policy (to be shown below) associated with an Markov decision process, e.g. see Hiller and Lieberman (2005) , that are parameterized by the price movement of the stock in the previous trading period. Although these are simplified assumptions, it does capture the spirit of the buy-high, sell-low behavior of a typical individual investor in the Taiwanese stock market. Our empirical results also indicate that these assumptions are a reasonable simplification of the market structure. In sum, the noise traders' behavior can be modeled by a Markov decision process having state space {U, M, D}, decision space {B, N, S}, and following the stationary policy:
And the informed traders' behaviors can be modeled by a Markov decision process having state space {g, n, b}, decision space {B, N, S}, and following the stationary policy:
Estimation of the Model Parameters
The model parameters to be estimated are P i , α, β, β(i), and γ(i), i ∈{U, M, D} which will be estimated from the actual transactional data. The data set for the empirical estimation contains the 5-minute transactional data of the bid, the ask and the transaction prices as well as the corresponding volumes for stocks traded in the Taiwan OTC Stock Exchange from the beginning of January to the end of December in 1999. We deleted those firms that had been listed for less than a year in the study period, a total of 107 stocks and over 960,000 observations are included. We estimate these model parameters in steps. First, we estimate the probabilities of information events (α and δ ). To achieve this goal, we assume that the price process follows a geometric Brownian motion. Thus we can approximate the geometric Brownian motion by a trinomial tree. Actually, trinomial trees are very accurate approximations in this case, because the trading interval is very short (i.e., 5-minute). Given the history of past prices of a stock, it is straightforward to estimate the up factor (u), down factor (d), and associating branching probabilities (p, q) for a trinomial tree; see Hull (2006) , for example. On the average, we can assume an up-movement in price is due to good news, and a down-movement in price is by bad news. Thus, we can equate the following two equations by matching the probability of up (down) movement with the probability of good news (bad news).
(1) Solving α ,δ in terms of p and q, we can obtain estimates for the probability of an information event (α ), and the probability that the event is good news (δ ).
Second, we will estimate γ(i), i ∈{U, M, D} . To do so, we need to assign the type of the events (i.e., g, b, or n) for each trading period of the data. To determine the event type for each trading period, a logit-like model is adopted. The ratio of the volume of buy orders to the sum of the volumes of buy and sell orders at each trading period is used as a decision variable. If this variable is greater than an upper threshold (λ g ), we assign good news as the event type. If this variable is less than a lower threshold (λ b ), we assign bad news as the event type. Otherwise we assign no event as the event type. The two thresholds are determined numerically for each stock by maximizing the likelihood function of the logit-like model. Recall that informed traders buy (sell) only when there is good (bad) news, and on non-event periods all trades come from noise traders. Therefore, if the event type is judged correctly, the sell (buy) orders in good (bad) event periods should come from the same uninformed population as the sell (buy) orders in nonevent periods. Similarly, the total trading volume in bad event periods should come from the same population as the total trading volume in good event periods. We can find the upper and lower thresholds by minimizing the sum of variances of (Bb-Bn), (Sg-Sn), and [(Bg+Sg)-(Bb+Sb)]. Table 1 shows the thresholds estimated for each stock. The ranges of λ g and λ b are computed to be between 0.55 to 0.85, and 0.15 to 0.45, respectively. After the event type for each trading period is identified, the data set is partitioned into 9 parts. Each part has a different combination of event type (n, g, b) and price movements (U, M, D) . For example, the three parts corresponding to non-event periods are (n, U), (n, M), and (n, D). Since in non-event periods all trades come from uninformed traders, transactions in the non-event data set provide direct estimates for γ(i), i ∈{U, M, D} . For example, let k be the number of elements in the set (n, U), Bt be the volume of buy orders and St be the volume of sell orders in a non-event period t, then is a direct estimate of γ (U), the probability of a decision to buy for an uninformed trader when price moves up in the previous trading interval. Similarly, we can estimate γ (M) and γ (M). Third, we will estimate P i and β(i), i ∈{U, M, D}. The probability to trade for an uninformed trader at t, given the price movement in t-1, is as
where 1 − t o represents the event type in the previous interval, Tˆ denotes the average trading volume of the trading interval t, so
is the ratio of the actual volume for trade to the expected trading volume of the uninformed trader at time t. Since P u is unknown, we cannot solve β (o
) by equation (2) alone. However, we will be able to solve β (o t-1 ) as well as the probability of informed trading, P i , numerically by equations (2), (7) and (8).
Let V be the true stock price, V _ , V, and V * be the value of the stock conditioned on bad news, good news, and no event, respectively. We can regard the ask price as the expectation of V conditioned on a "buy" decision. That is,
By Bayes' formula, we have ( )
denote the conditional probabilities of a buy decision given the corresponding event type. According to the trade model, it is easy to be shown ( )
Substituting (5) into (4), we have . Substituting these terms into equation (3), we finally have
With the same argument, it can be shown that
where s = P u ( ) ( ) ( )
, , and
S is the transaction price, and ( )
can be substituted by equation (2), it is then straightforward to solve P i , the probability of informed trading, by equations (7) and (8). Tables 2, 3  and 4. It is interesting to see from Table 2 that for most stocks in the sample,
. This result indicates that price volatility attracts noise traders to trade. In addition,
for all firms, indicating noise traders' stronger willingness to trade on up trend than on down trend. One possible explanation for this asymmetry in trading behavior is the restriction to short selling at down tick. 
for most stocks. In other words, uninformed traders are more willing to buy (sell) when prices rise (fall) in the previous trading period, which is consistent with the positive feedback behavior assumption for noise traders in the model. Table 4 reports the estimates for P i for the 107 stocks in our samples. The number ranges from 0.04 to 0.30 [Note 10]. These estimates serve as proxies for the probabilities of informed trading and will be used in the following market performance tests. 
Informed Trading and Stock Performance
In this section, we discuss the interrelation between the probability of informed trading and the liquidity, volatility and efficiency of the stock and establish the structural model for empirical test. models the process by which information is incorporated into prices when there is monopolistic informed trader, in his model, and many that follow, the informed trader's strategy is a function of the depth of the market. Admati and Pfleiderer (1988) introduce discretionary liquidity traders into the price formation process and propose that informed traders will follow the trading pattern of the uninformed traders whose trades tend to cluster together; in other words, liquidity attracts informed trading. Subrahmanyam (1991) points out that if informed traders are risk averse, the conclusion of Admati and Pfleiderer may not sustain;i.e., higher liquidity does not necessarily leads to more informed trading. On the other hand, Foster and Viswananthan (1990) argue that discretionary uninformed traders will delay their trading when the probability of informed trading is high, in other words, higher probability of informed trading will lead to lower market liquidity. Madhavan (1992) has similar conclusion that depth is a negative function of private information. However, empirical studies of insider trading (e.g., Cornell and Sirri, 1992; Kabir and Vermaelen, 1996) support a positive relation between insider trading and liquidity. To sum up, profit-maximizing informed traders make trading decisions based on the depth of the market, and the latter is also a result of the trading decisions of the informed and uninformed. Both will be taken as endogenous variables in our model, however, the direction of the relation between the liquidity and informed trading needs to be empirically determined.
Liquidity and Informed Trading

Efficiency and Informed Trading
In model where there is a monopolistic informed trader, information is released gradually over trading time to maximize the informed trader's profit. From this respect, higher probability of informed trading may lead to less efficient pricing. On the other hand, Holden and Subrahmanyam (1992) modify Kyle's and demonstrate that with competitive informed traders, information will be quickly incorporated into prices and the case is similar to a rational expectation equilibrium. Since the competitiveness of informed traders is not observable, the sign of the relation between efficiency and informed trading can not decide a priori and needs to be empirically determined.
Volatility and Informed Trading
It goes without saying that information leads to changes in prices. But whether volatility induces informed traders to trade? Literature in ARCH models indicates that stock return volatility exhibits clustering phenomena, a possible explanation is that informed trading causes volatility which in turn attracts more informed trading. Foster and Viswananthan (1990) suggest that when public information has some information content, information trading will be high on Monday which leads to high volatility on Monday. model and others that follow all have similar specification that the trading decision of the informed is a function of the volatility of noise trading as well as the volatility of prices. Positive interrelation between volatility and the probability of informed trading is expected in our structural model.
Liquidity, Efficiency and Volatility
A plethora of papers have looked into the relations between volume and prices or volume and volatility (e.g., Karpoff, 1987; Jain and Joh, 1988; Gallant et al., 1992) , most find positive relation between the two. Admati and Pfleiderer (1988) also predict that volatility and liquidity are positively related. However, Foster and Viswananthan (1993b) find that for interday data volume and volatility are negatively related. There are less studies dealing with liquidity and efficiency. Grossman and Miller (1988) establish a model for equilibrium liquidity and predict the lower the autocorrelation of returns (i.e., more efficient), the higher is the equilibrium level of liquidity. Amihud and Mendelson (1991) find a positive relation between efficiency and volumes. Others study the relation between information and volatility (e.g., French and Roll, 1986; Jones et al. 1994) . To sum up, empirical as well as theoretical researches provide a strong rationale for treating liquidity, efficiency and volatility as endogenous variables in our empirical model. Before proceeding to the structural equations, we need to define the related measures used in our model. For liquidity measure, instead of the commonly used trading volume, bid and ask order quantities or the number of trades which lead to different results in many of the volatility-volume relation, we use the Amivest liquidity ratio which reflects one concept of depth; i.e., the volume of trades needed to cause a unit change in
: the stock price of company i at trading period k of day t
: the trading volume of company i at trading period k of day t The larger is the i LR ratio, the higher is the liquidity for stock i.
For volatility measure, we use the standard derivation of returns to measure the interday volatility, as well as the daily price range to measure the intraday volatility; the latter (SP) is as
, where H and L denote the high and low price for stock i. N is the number of trading periods.
For efficiency measure, we use Lo and MacKinlay's (1988) variance ratios. The variance ratios can be defined for any order great than 1. In this paper, we compute the average of the variance ratios for q = 1, …, 10, and define the efficiency measure (EFF) as follows:
The higher is EFF, the more efficient is the stock.
In addition to the above endogenous variables, there are several variables that are used as control variables. For example, ownership concentration is generally considered to be highly related with probability of informed trading and liquidity. Turnover ratios may reflect the degree of informed trading as suggested in some research, or it may represent on the contrary the extent of noise trading. The size of the firm is an important factor to all of the measures. The volatility of stock is usually related with the level of spread and the price of stock. Finally, due to the heat in the hi-tech industry during the study period, a high-tech industry dummy is used. Now, we can define the structural equations as follows. Two-stages least squares (2SLS) is first used to estimate the coefficients in the structural equations. We find the residuals associated with each regression equations are highly correlated. Three-stages least squares method is then applied. Since all equations are over-identified, there is gain in efficiency in the estimation of coefficients using 3SLS; See, for example, appendix of chap 12 of Pindyck and Rubinfeld (1998) for more details. The empirical result is reported in Table 5 . Most coefficients are significant with p values of 0.01. Table 5 exhibits the descriptive statistics of the probability of informed trading ranked by trading volumes and market capitalization. The samples are divided into quintiles according to trading volume (in number of shares) or firm size, the first quintile being the firms with highest volume or largest firm size. The simple comparison of means show that the probability of informed trading (P i ) decreases with firm size or trading volume, and the differences are significant. This is consistent with previous findings. However, result of the 3SLS described below reveals a different picture in the relation between firm size and P i . Table 6 reports the regression result of the 3SLS. We find that P i and the volatility and liquidity of stocks are simultaneously determined. Higher P i leads to lower liquidity and higher volatility, and vice versa. This finding is consistent with Viswananthan's (1990, 1993a) argument that informed trading reduces liquidity, but it does not support Admati and Pfleiderer's (1988) prediction that liquidity attracts informed trading. Our finding also provides support to model that informed trading is a positive function of the volatility of noise trading. On the other hand, P i and efficiency do not appear to have two-way connections. The probability of informed trading increases with the efficiency of the stock, while higher P i does not leads to greater efficiency. Our finding suggests that non-competitive informed trader model explains better the price discovery process in Taiwan OTC Stock Exchange than Holden and Subrahmanyam's (1992) competitive informed traders model. As to the interrelations between liquidity, volatility and efficiency, the interesting finding is that liquidity can explain volatility and efficiency, while the opposite is not true. It seems to suggest that liquidity is the dominant performance factor over the other two. In other words, our result does not support Grossman and Miller's (1988) argument that the equilibrium level of liquidity is affected by the autocorrelation of returns. The result also shows that efficiency is negatively related with interday volatility but positively related with intraday volatility, indicating more efficient stock has higher intraday volatility, but information is quickly incorporated into prices by the end of the day so that interday volatility is smaller for more efficient stocks.
In terms of the exogenous factors, we find that firms with larger size, higher ownership concentration and lower turnover have higher probability of informed trading. It is interesting to see that, after controlling for other factors, the negative relation between firm size and P i observed in Table 5 turns into positive in Table 6 . This suggests that previous studies which conclude a negative relation between firm size and P i by a simple comparison of means may be questionable. It is also interesting to see that turnover ratio is negatively related with informed trading, suggesting turnover ratio is a noise trading index in Taiwan.
Policy Implications and Conclusions
In this paper we estimate the probability of informed trading P i for individual stock traded in the order-driven Taiwan OTC market by modifying Easley, Kiefer and O'Hara's (1997b) model and using a different estimation technique. In addition, unlike previous empirical studies we examine comprehensively the interrelations among informed trading, liquidity, efficiency and volatility using a system of equations approach that takes into consideration the endogeneity of these variables.
Consistent with our trade model assumption of the behavior of the uninformed traders, our finding indicates that uninformed traders exhibit price chasing behavior even over very short interval, and they tend to buy when the price in the previous trading period goes up and sell when the price in the previous trading period declines. We also find that volatility in prices attracts noise traders to trade. Uninformed traders are more likely to trade when price moves in the previous trading interval. This finding suggests that a temporary trading halt mechanism may indeed be warranted to reduce excess volatility.
We also find that high P i leads to lower liquidity and higher volatility, and vice versa. This finding supports Foster and Viswananthan's (1990) argument that informed trading reduces liquidity but is contrary to Admati and Pfleiderer's (1988) prediction that liquidity attracts informed trading. In terms of policy implication, our finding suggests that the popular trend in exchanges around the world to enhance pre-trade transparency may actually lead to undesirable result, that is, lower liquidity and higher volatility, if the market is not large enough.
In addition, we find no evidence that higher probability of informed trading leads to higher efficiency. One possible explanation is that the samples in this study are firms listed in the Taiwan Gre Tai Exchange, where the firm's sizes are smaller and the trading volumes are also lower than those listed in the Taiwan Stock Exchange. Therefore, informed traders in these stocks are much less competitive. As suggested by , when there is monopolistic informed trader, the price discovery process is slower given the profit maximizing behavior of the monopolistic informed trader. Our finding that high probability of informed trading does not lead to more efficient pricing for stocks listed in Taiwan Gre Tai Exchange illustrates the importance of competition to market efficiency, that is, informed trading alone does not lead to efficiency.
Unlike Hasbrouck (1991b) and Easley et al. (1996) who found that firms with larger size have lower P i , we find that, after controlling for other factors, firms with larger size have higher P i , and that ownership concentration and lower turnover lead to higher P i . These results have interesting implications for uninformed traders. High turnover is often attributed to informed trading in the U.S. market where institutional investors dominate. On the contrary, our study finds that, in a market dominated by individual investors as in most Asian stock markets, high turnover implies high percentage of noise trading. The uninformed would have lower chance of trading with the informed (usually the institutional investors) by avoiding large firms and firms with low turnover ratios.
